We separately have shown that the maximal druglike affinity of a given binding site on a protein can be calculated on the basis of the binding-site structure alone by using a desolvation-based free energy model along with the notion that druglike ligands fall into certain physiochemical property ranges. Here, we present an approach where we reformulate the calculated druggability affinity as an additive free energy to facilitate the searching of whole protein surfaces for druglike binding sites. The highest-scoring patches in many cases represent known ligand-binding sites for druggable targets, but not for difficult targets. This approach differs from other approaches in that it does not simply identify pockets with the greatest volume but instead identifies pockets that are likely to be amenable to druglike small-molecule binding. Combining the method with a functional residue prediction method called SCA (statistical coupling analysis) results in the prediction of potentially druggable allosteric binding sites on p38R kinase.
INTRODUCTION
The computational discovery of potential ligand-binding sites on protein surfaces is useful in generating hypotheses for new druggable binding sites that can subsequently be experimentally tested through virtual and high-throughput screening or, potentially, de novo drug design. For instance, Smrcka et al. recently discovered selective small-molecule modulators of heterotrimeric G-proteins through the elucidation of a peptide-binding "hotspot" followed by computational docking of a small-molecule library. 1 In this work, we describe a structure-based computational approach for finding druglike small-molecule binding sites on protein surfaces. Conceptually, we search the protein surface for "druggable" hotspots using the maximal affinity prediction for a passively absorbed oral drug (MAP POD ) scoring approach that we report elsewhere 2 and describe in more detail below. We enumerate all reasonable surface patches on the protein structure and then score every patch using a "local" version of the MAP POD druggability equation.
Binding-site prediction methods generally either find the largest pockets or use molecular probes to identify hotspots on the protein. Examples of the former include SURFNET, LIGSITE, CASTP, and PASS. [3] [4] [5] [6] The recent SURFNETConSurf combination method uses sequence conservation among homologues to improve binding-site prediction from SURFNET alone. 7 Examples of probe-based methods include the multiple-copy simultaneous search (MCSS), computational solvent mapping, and Q-SiteFinder methods. [8] [9] [10] The original MCSS method involved the energy minimization of pools of functional group probes where probes do not interact with each other. The minimized probes are then clustered to identify probe hotspots that can potentially aid drug design. 11 The computational solvent mapping method is similar to MCSS but uses a multiple-step approach that is reported to place probes more frequently in known binding sites. 9 The recent Q-SiteFinder approach places methyl probes on a grid that envelops the protein and uses the clustering of energetically favorable probe positions to determine the potential binding sites. Q-SiteFinder differs from MCSS in its use of a discrete three-dimensional grid with 0.9 Å spacing, which leads to faster calculations on the order of 10-15 s per protein.
Currently available binding-site prediction approaches attempt to find ligand binding pockets, but not all ligandbinding pockets are capable of binding a druglike small molecule with reasonable affinity nor are they all biologically relevant. Here, we present a method that begins to address these issues directly. We address the first issue by finding pockets that are most likely to bind druglike ligands. Our approach is based on our previous work where we estimate from the binding-site structure the maximal druglike affinity, or MAP POD , using a model that estimates the desolvation of hydrophobic patches taking into account the topologydependent nature of desolvation. 2, 12, 13 The essential concept is that deep, hydrophobic pockets desolvate more easily, and this concept can be quantitatively expressed and used to make a computational estimation of the maximal affinity of a given pocket for a "druglike" ligand. "Druglike" small molecules have minimal formal charges, polar surface areas less than 140 Å 2 , and molecular weights less than 500 Da. [14] [15] [16] Why does a desolvation-based approach estimate so well the variation in maximal druglike affinity? One likely contributing reason is that many of the other energetic terms are roughly constant for an ideal druglike ligand. For instance, the van der Waals interaction energy is roughly constant because of a maximum druglike molecular size of around 500 Da, and the rotational/translational entropy terms are roughly constant because they also scale with the molecular weight. The fact that drugs tend to have minimal formal charges also limits the electrostatic interaction contribution. These are qualitative arguments that do not cover all of the terms, and further investigation is warranted. In any case, the druglike affinity approach we present below appears to be appropriate for finding "druggable" pockets suitable for small-molecule modulation.
To address the second issue of finding pockets that are biologically relevant, we combine our MAP POD search approach with a functional residue prediction method, the statistical coupling analysis (SCA), developed by Lockless and Ranganathan. 17 The method uses large sequence alignments to find evolutionarily conserved coupling of residues and is especially interesting in that it successfully finds coupled residues that are distant from each other. 18 The combined approach is conceptually depicted in Figure 1 , and we demonstrate this combined approach on the p38R protein kinase.
METHODS
Surface Representation. Protein structures downloaded from the Protein Databank (PDB) are used without modification. All heteroatoms, including all waters and cofactors, are ignored. Hydrogens are generally not used in the calculation of surface areas, and we follow this precedence here.
An analytic representation of the macromolecular surface is generated as we previously reported 19 and involves first constructing the three-dimensional weighted Delaunay tessellation of the biomolecule and then subtracting the R-shape complex, as implemented by Koehl and Edelsbrunner in POCKET 20 and first described by Liang and co-workers. 5 We modified POCKET to include eight dummy atoms at extreme points around the protein in order to include atoms on the convex hull of the protein in generating the Delaunay tesselation. Atomic radii values used are the standard radii found in NACCESS. An example biomolecular surface tessellation is shown in Figure 2 . Arcs representing boundaries between atoms are then calculated to allow the reconstruction of the surface. The solvent-accessible surface is a union of sphere sections, while the molecular surface additionally includes torus and sphere sections that map the re-entrant surface. The areas for both surfaces are calculated analytically as a sum of the areas of the sphere and torus sections. To calculate curvature, we use our previously reported approach of using geometric inversion to find the least-squares-fitted sphere to the molecular surface and taking the radius of the sphere as the radius of curvature. 19 A connected representation of the surface that we call the R-skin is used to enable computational searching of the protein surface and finding of the surface patch with the highest MAP POD affinity. The R-skin, depicted in Figure 2A , is related to R shapes and is composed of nodes, edges, and triples. The nodes carry information on the local MAP POD affinity for a particular surface piece. Because a particular atom may be a part of more than one disconnected surface patch, we defined individual nodes in our search graph as mapping to individual connected surface patches derived from the same atom. Thus, a single atom may define more than one node. The edges carry information on which surface pieces are adjacent to facilitate traversal of the surface. An edge is present whenever two nodes have a surface boundary consisting of a single arc. Pairs of nodes can have multiple edges between them if they have multiple arcs defining their boundaries. The triples represent areas where three atomic spheres meet and are indicated in Figure 2A as blue triangles because triples have exactly three edges. Triples, like edges, carry information on which surface pieces are adjacent and facilitate traversal of the surface. All edges are involved in triples, except for a few rare edges such as those shown in Figure 2A in red. Construction of the R-skin, including the Delaunay tessellation and R-shape computation, requires 1-2 min for each protein in our data set.
Local Formulation of MAP POD Equation.
We elsewhere have described the derivation and application of the MAP PODcomputed ligand-binding affinities for defined binding sites. 2 Here, we reformulate the maximal druglike affinity formula as a piece-wise additive free energy so that the MAP POD contribution for each node can be precomputed, and the graph can be searched exhaustively and rapidly. The "global" equation 2 is where γ(r) is related to the solvent surface tension, γ(∞) is the desolvation of a flat surface, r is the radius of curvature for the binding site, A total target is the total solvent-accessible surface area (SASA) of the protein surface involved in binding, A nonpolar target is the nonpolar fraction of the SASA involved in binding, A druglike target is set at 300 Å 2 and represents a binding surface corresponding to a druglike compound of approximately 500 Da in molecular weight, and C is set to zero. We use the Wesson and Eisenberg adjusted atomic solvation parameters (ASPs) 21 to define carbon atoms as nonpolar (positive ASP values) and oxygen, nitrogen, and sulfur atoms as polar and favoring solvation (negative ASP values). Assuming that the free energies we calculate are additive, 22 we can derive a "local" version of the equation:
where surface areas (A atom terms) and curvatures (r atom terms) are computed for each hydrophobic atom node (i.e., each atomic surface piece), and C is not shown because it is zero. 
The local surface area is computed as described above, while the curvature requires the definition of a local region. The curvature approach we use is a simplified representation of desolvation that appears to capture the role of topology.
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Because the organization of waters is affected by the surrounding surface topology in addition to the individual surface piece, we use the continuous surface within 3.0 Å of the center of the surface piece in calculating the curvature. For the studies shown in this paper, we used a γ(∞) ) 47.5 cal/mol/Å 2 and required γ(r) to be in the range of 15-140 cal/mol/Å 2 in order to limit affinity contributions from any given node. Values below the minimum or above the maximum were set to their respective endpoints. The values of 15 and 140 are arbitrary and represent values that are about a third and three times the value of γ(∞), respectively. Values below and above those values appear to be physically implausible relative to our γ(∞) value. The lower cutoff is below the lowest values we have seen reported in the literature and has a negligible effect on the results. The upper cutoff is in practice necessary to limit rare cases where we find a very large energetic contribution from a single local surface patch due to the local surface being extremely narrow with a low radius of curvature. These cases appear to be artifacts from the use of a rigid solid surface, which are amplified because of the use of the small surface patches. For proteins in our data set, precalculation of the surface areas and the ∆G MAP POD contribution for all nodes requires 1-2 h on a system running Linux on a 3.2 GHz Pentium 4 processor. Searching the Surface. To generate roughly circular or elliptical patches on the biomolecular surface, we used a heuristic approach along with a well-known graph theoretic data structure, the shortest path tree. We find the approach is fast and generates reasonable surface patches in practice. To generate roughly circular patches, connected edges from the starting node of the R-skin are used to compute the shortest path tree. The length of an edge is the distance between the atom centers that generate the two nodes. Each time a node is added, the surface area is added to a running total, and patches are enumerated once the surface area reaches the minimum of 300 Å 2 . Patch enumeration of the node is complete when the surface area reaches the maximum of 400 Å 2 . These areas represent minimum and maximum sizes of druggable patches as determined by studying the correlation of small-molecule molecular weights with buried surface areas that we calculate. In particular, we show in Figure 3 that the druglike ligand with a maximal weight of 550 Da corresponds roughly to the 300-400 Å 2 surface area range. To generate more irregular patches, two or more neighboring nodes can be initialized to have distances of zero. The use of two starting nodes results in roughly elliptical patches, and the use of three starting nodes results in oblong or boomerang patches. In practice, the use of one, two, or three nodes generates binding-site patches within approximately 2, 10, and 120 min, respectively, on a Linux system with a 3.2 GHz Pentium 4 processor. Each patch is scored using the additive MAP POD formulation, and patches with the lowest scores (i.e., maximal favorable affinity) are reported.
Statistical Coupling Analysis. SCA 17, 18 Matlab scripts were provided courtesy of R. Ranganathan (communication to A.C.S.), and all analyses are performed using the scripts provided. The S_TKc seed sequence alignment and protein sequences with the S_TKc domain are downloaded from the SMART resource. 23, 24 The seed alignment is used to generate a Ser/Thr kinase domain hidden markov model (HMM) using HMMER 2.3.2. 25 The SMART Ser/Thr protein kinase sequences are then aligned using the HMM. Sequences are removed if they contain no label or the label includes the keyword "theoretical". This results in a sequence alignment of 3170 identified Ser/Thr kinase domains, which then forms the basis for the prediction of functional residues by the SCA method. The full alignment is available in the Supporting Information.
RESULTS AND DISCUSSION
We have developed a method of searching for druglike binding sites on the basis of a maximal druglike affinity approach previously shown to be useful in estimating druggability for a single binding site. 2 To do this, proteins are represented using our previously reported approach 19 along with a new computational geometric construct we call the R-skin. The R-skin allows for the analytic representation of the molecular surface as atomic sections that are aware of their neighboring atomic sections and, thus, facilitates rapid graph-based searching for a patch that optimizes the MAP POD druggability score. To enable the searching of protein surfaces within a reasonable time frame, the MAP POD equation was reformulated as a localized equation. Further details are provided in the Methods section.
To assess the correlation of the local MAP POD formulation with the original global formulation, we computed scores for 65 000 patches on 27 proteins (see Table 1 and Figure  4) . Scores from the two formulations have a correlation of r 2 ) 0.73 and a Spearman rank correlation of F 2 ) 0.70. Manual inspection of a subset of patches suggests that the differences are largely due to (1) the global formulation being less sensitive to local topological variations in curvature because it uses a single curvature and (2) the presence of convex surfaces in local patches, which is again averaged out in the global formulation. We did not expect the quantitative correlation to be perfect, and in practice, we find the local formulation correlates less well with known druggabilities (data not shown). Nevertheless, the local formulation allows for rapid searching and has decent correlation with our validated global formulation and, thus, should be useful in identifying potential druglike binding sites.
Binding-Site Searching. We applied the method to search a protein, PDE4D (PDB ID: 1Y2E), using circular patches. To our delight, the top-scoring patch found, shown in Figure  4 , is not only inside the known active site of PDE-4D but also represents the common inhibitor binding region of compounds such as rolipram, roflumilast, and piclamilast. 26 In particular, the patch does not include the metal binding sites on the lower-left-hand corner of the binding site in Figure 5 because it is relatively polar and is avoided by most drugs in clinical trials. The MAP POD approach attempts to find maximum druglike affinity sites where no strong electrostatics, such as metal binding, are involved. Drugs that chelate metals to achieve potency can be more difficult to design selectivity for, in part, because metals are physiologically ubiquitous, and the drug may have strong interactions with metals in other enzyme-binding sites. None of the a Enzyme names are given along with the PDB ID for the structure used. Apo structures are indicated; all other proteins are cocomplex structures with either a small-molecule or natural substrate. Searches were performed using one, two, and three node searches, and the ranking of the known inhibitory binding site is given, and values are colored in gray if the known binding site is not one of the top 10 patches. Further details are found in the main text. Table 1 . Plot generated using Matlab 7.1 (Mathworks, Natick, MA). PDE-4 and PDE-5 inhibitors on the market or having entered phase II or phase III clinical trials directly interact with the binding-site metals. [26] [27] [28] The patchiness of the predicted site (see Figure 5 insert) is the result of the method selecting predominantly hydrophobic surfaces and avoiding hydrophilic surfaces. The top-scoring patches also include the lip of the binding site, which is hydrophobic but is difficult to design for. The top five scoring patches also fall within the same region. Because surface patches are generated starting from every node, patches inevitably are found multiple times, and there is significant redundancy in the identified patches. We find it effective to identify the top-scoring surface patches (we use the top 250) and aggregate patches that have overlapping residues.
We next applied the method to the larger set of proteins shown in Table 1 . The use of only circular patches (one node) finds the known drug binding site as the top-scoring site for three of the five PDE-4D structures and finds the known drug-binding site within the top five scoring sites for all cases. We define successful identification of a binding site by the location of greater than 50% of the residues within 5 Å of the bound ligand. For the apo structure (PDB ID: 1F0J), the known ligands define the known binding site. The method scores poorly for HMG-CoA reductase because the binding site itself scores as marginal for druglike ligands, 2 and known drugs have a high polar surface area (>150 Å 2 ) and molecular weight. If we remove HMG-CoA reductase structures and look at the 20 remaining structures for nine different proteins, we find that the use of circular patches finds the binding site as one of the top five scoring patches in 13 of the cases. The use of oval patches (two nodes) finds the binding site in 12 of the cases, and the use of oblong patches (three nodes) finds the binding site in 14 of the cases. In the case of the two apo proteins listed in Table 1 , the approach successfully finds the binding site for PDE-4D, while it does not for EGFR. The failure in the case of EGFR appears to be due to (1) changes in conformation between the apo and bound forms (PDB IDs are 1M14 and 1M17, respectively), which results in a closing down of the pocket, leading to a smaller curvature value in the bound form, and (2) the movement of the sulfur of Cys751 from being part of the apo pocket to being away from the pocket in the bound structure. The cysteine sulfur here is considered a polar residue on the basis of work by Wesson and Eisenberg 21 on ASPs. However, the ASPs are continuous values, and the use of a binary binning results in sulfurs being binned with the somewhat more polar oxygen and nitrogen atoms. The incorporation of continuous values may help. The EGFR example highlights limitations not only due to conformational change but also due to the discrete parametrization of polar and nonpolar atoms. While the method cannot find all binding sites, the results suggest it is nevertheless useful for hypothesis generation.
Identifying Functionally Relevant Binding Sites. While the method presented here locates potential drug-binding sites, binding is necessary but not sufficient for therapeutic modulation; the binding site must additionally be functionally relevant. To identify binding sites that are both capable of binding a druglike compound and functionally relevant, we combine our binding-site search method with the statistical coupling analysis method for identifying allosteric coupled residues. 17, 18 Residues identified by both methods are potential druggable allosteric sites. We use a p38R kinase structure 29 to demonstrate this approach. SCA using a sequence alignment of 3170 identified kinases from the SMART online resource 23 finds 42 residues that are significantly coupled to at least one other residue, where significance is defined by the coupling strength being greater than three standard deviations from the normal distribution mean. 17 For the sequence alignment we used, the cutoff criteria is ∆∆G g 1.14kT*. In Figure 6A , these coupled residues are indicated superposed onto the sequence of p38R. In Figure 6B , the network of connected residues is depicted with stronger couplings indicated by thicker, darker lines.
The MAP POD binding-site search method identifies four patches on the p38R structure. The patch at the top right of p38R as depicted in Figure 7 is defined by residues 59-63 and 331-337 (numbering based on the 1KV1 PDB struc- Figure 6 . SCA analysis of Ser/Thr protein kinases. The residue numbering is based on p38R (PDB ID: 1kv1). (A) Annotation of identified coupled residues superposed onto a depiction of the sequence and secondary structure for p38R. Stars indicate coupled residues and are colored red, orange, or yellow to indicate the strength of coupling. The figure is taken from the PDB 1kv1 entry of the RCSB resource, 36 and the secondary structure is automatically assigned using Stride. 37 (B) Network of statistically coupled residues, where thicker and darker lines indicate stronger statistical coupling. Residue numbering is for p38R. The figure is produced using SCA scripts (see Methods) and the Pajek software. 38 ture). This pocket appears to be hydrophobic but lacks a distinct pocket. While parts of the surface are concave, the whole surface itself is convex, suggesting that the additive curvature approach is not effective at finding patches with a convex "global" curvature. In practice, these convex patches can be triaged manually. The cluster in the middle is the ATP binding site. The bottom right patch is defined by residues 191-192, 195, 197, 200-201, 232, 236, 242, 245-246, 249-250, 259 , and 291-294 and is adjacent to the conserved APE motif. The bottom left patch is defined by residues 217-218, 222, 238, and 272-278 and is adjacent to coupled residues 214-215 and 222-223. This patch is rather shallow, as can be seen from the stereoview depiction provided in Figure 7 .
On the other hand, the surface patch adjacent to the APE motif is deep and enclosed and appears to be sufficiently hydrophobic and enclosed to bind a druglike small molecule. The patch, however, does not in fact touch any of the residues identified by SCA, although the residues lining the pocket are adjacent in sequence to coupled residues 185-189. A ligand in the binding site can conceivably affect these residues. Interestingly, however, the pocket does contact the APE motif. Residues such as those in the APE motif are so highly conserved that SCA analysis is not possible, because it is not possible to find alignment subsets that satisfy the SCA alignment acceptance criteria. 17 In addition to the APE motif, highly conserved sequence motifs include the K53 and E71 residues, catalytic RD motif (residues 149-150), and the DFG motif (residues 168-170). Although these residue positions are not detectable by the computational SCA approach, they are almost always important functional residues because substantial evolutionary pressure holds them fixed. Thus, inhibitors using this pocket are potentially allosteric. It is unclear why p38R has a pocket at this position, although it is interesting that an imidazolyl-pyridine p38R inhibitor was found to bind in this pocket in another p38R crystal structure. 30 The APE motif itself is thought to play primarily a structural role. 31 The bottom left patch is the same region involved in myristic acid binding in C-Abl, where a myristolated peptide corresponding to the C-Abl N-terminal region is known to stabilize the inactive conformation of C-Abl. 32 Furthermore, Adrian et al. 33 recently reported a small-molecule inhibitor that appears to utilize this site to allosterically inhibit Bcrabl-dependent proliferation in cultured cells at an IC 50 of 138 nM. The equivalent binding site in Abl structures, however, is significantly deeper and more hydrophobic than that seen in p38R structures. Nevertheless, others have recently reported that similar binding sites can be identified on many kinase structures and that these patches are especially hydrophobic and have the potential of binding small molecules. 34 Thus, it is an intriguing possibility that this site is capable of small-molecule allosteric modulation.
The MAP POD search approach does have drawbacks. The method identifies a surface patch composed of residues 59-64 and 332-335 (cluster at the top of protein structure in Figure 7 ), which does not contain a cleft to facilitate specific binding of small molecules. This particular patch involves a crystal contact, which may explain its relatively high exposure of nonpolar surface area. An additional problem with many methods that rely on static crystal structure snapshots is that proteins undergo significant dynamics that can reveal additional binding sites. Our search method is rapid enough to be applied to a few hundred snapshots from molecular dynamics simulations, and this combination may be useful in generating hypotheses for allosteric binding sites. Applying the method to multiple crystal structures instead of a single structure can also increase the completeness of this approach.
CONCLUSIONS
We have described an approach to finding small molecule binding sites on biomolecules using an additive version of our previously reported free energy equation 2 that essentially quantifies the idea that deep, hydrophobic pockets are more likely to bind druglike small molecules. We demonstrate the approach on known drug targets and find that the method is largely successful in finding known druggable binding sites but, at least from our limited study, is only partially successful in finding binding sites using apo proteins. Nevertheless, the method can be used to generate hypotheses from the known structural conformations. We therefore applied this method to the prediction of allosteric pockets on p38R kinase. Because binding is necessary but not sufficient for allosteric small-molecule modulation of protein function, we combined our MAP POD search approach with results from the SCA approach, which has been shown to predict allosteric residues. The combined approach results in the prediction of two allosteric binding sites on p38R. De novo design of small-molecule modulators to these sites is difficult and will likely proceed only after significant experimental validation studies. We note, however, that one of the sites is similar to an allosteric small-molecule drug site recently reported for Bcr-abl.
